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Abstract 

Myogenic stem cells have the potential to either self-renew or differentiate into muscle fibers. 

These stem cell fate choices are influenced by metabolic changes which affect the epigenetic 

landscape, including DNA methylation which alters gene expression patterns. Because we have 

found that a mitochondrial function of p107, a transcriptional co-repressor, is involved in 

regulating SC metabolism and fate decisions, we investigated whether p107 influences the 

mitochondrial DNA methylation signature. For this we used a portable long read sequencer 

MinION (Nanopore), to sequence and compare the mitochondria DNA methylation pattern of 

wildtype and p107 genetically deleted (p107KO) C2C12 myogenic cell line. We found that 

p107KO mitochondrial DNA had decreased methylation levels for OXPHOS genes compared to 

wild type. Thus, suggesting that p107 might suppress ND4 gene expression. We also compared a 

novel method of mtDNA isolation to three existing methods in order to determine the most efficient 

approach for sequencing. 
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Chapter 1: Introduction 

Mitochondria control of DNA methylation  

DNA methylation is an epigenetic process where methyl groups are transferred to DNA, 

often at the C5 position of the cytosine (Moore et. al., 2013). DNA methylation of bases within 

gene promoters is known to cause a reduction in transcription by impairing the binding of 

transcription activators and by recruiting proteins that themselves block transcription factors 

(Razin and Cedar, 1991, Moore et. al., 2013). Methyl groups are typically transferred to DNA from 

S-adenosylmethionine (SAM) to the fifth carbon of a cytosine residue to form 5-methylcytosine 

(5mC) by enzymes called DNA methyltransferases (DNMTs) (Saini et. al., 2017, Moore et. al., 

2013) (Fig. 1).  

 An important element that has been shown to influence the methylation of nuclear DNA 

(nDNA) is the mitochondria (Lopes, 2020, Bellizzi et. al., 2012, Smiraglia et. al., 2008). In adult 

human blood samples nDNA methylation levels are correlated with mitochondrial genome 

haplotype (Bellizzi et. al., 2012). Another study on human tumour cell lines showed that nDNA 

methylation patterns changed in response to reductions in mitochondrial DNA (mtDNA) content 

and were restored when mtDNA was reintroduced to these cells (Smiraglia et. al., 2008). 

The ability of the mitochondria to regulate nDNA methylation levels is possible because 

mitochondrial activity controls ATP generation (Mookerjee et. al., 2017). Because ATP is a 

necessary substrate for methylation to occur (Bellizzi et. al., 2012) anything that alters ATP supply, 

such as changes in mtDNA content and mitogenome haplotype, would impact the availability of 

ATP for methylation and thus the rate at which methylation can be carried out.  
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S-adenosyl-methionine (SAM) is the primary methyl group donor in mammalian DNA 

methylation reactions (Ouyang et. al., 2020). Because the conversion of the SAM precursor 

methionine to SAM requires ATP, SAM production is limited by mitochondrial metabolism 

(Ouyang et. al., 2020). The mitochondria also contribute directly to the generation of SAM through 

the one carbon cycle (Xu et. al., 2021), a process occurring within the mitochondria where the 

amino acid serine is produced and used to generate folates, which contribute carbon groups 

necessary for the conversion of methionine to SAM (Li and Hoppe, 2023) (Xu et. al., 2021) (Zhao 

et. al., 2021). Dietary supplementation with the SAM precursor methionine has been found to 

increase nDNA methylation rates (Tremolizzo et. al., 2002), supporting the possibility that 

mitochondrial control of SAM levels may be part of the mechanism through which the 

mitochondria controls methylation levels. Thus, any mitochondrial mechanisms which regulate 

ATP production or control the mitochondrial folate cycle, will effect nDNA methylation rates 

(Morin et. al., 2022). 
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Figure 1. Cytosine methylation. DNMTs catalyze the transfer of a methyl group from S-

adenosyl-methionine (SAM-CH3) to the fifth carbon of a cytosine residue to form 5-

methylcytosine (5mC) and produce S-adenosyl-homocysteine (Adapted from Milosevic, Arsic, 

Cvetkovic, and Vucic, 2021).  

 

 

Mitochondria DNA 

Though most of the cell’s genetic material is found in the nucleus, the mitochondria contain 

their own genome (mtDNA), complete with protein coding genes and genetic elements which help 

regulate mitochondrial replication and gene expression (Annesley and Fisher, 2019) (Nicholls and 

Minczuk, 2014). mtDNA is circularized, lacks histones, and is maternally inherited (Taanman, 

1999). The human mitochondrial genome is 16,569 base pairs long and encodes 2 rRNAs, 22 

tRNAs and 13 polypeptides, which code for subunits of the electron transport chain (ETC) 

involved in oxidative phosphorylation (OXPHOS) (Basu et. al., 2020) (Sharma et. al., 2005) (Fig. 

1). OXPHOS is the process whereby cells catabolize amino acids, glucose or fatty acid to produce 

reducing agents in the tricarboxylic acid cycle (TCA), which are oxidized in the ETC in the 

presence of oxygen to produce ATP from the phosphorylation of ADP (Tang et. al., 2020) (Fig. 2). 

The mitochondrial genome encodes the ETC subunits; mtND1, mtND3, mtND4, and mtND6 for 

complex I, mtCO1 and mtCO2 for complex IV, and mtATP6 for complex V (Mastroeni et. al., 
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2017). mtDNA is believed to be a remnant feature from when mitochondria were single celled 

organisms that fused with other single celled organisms during the early evolution of eukaryotes 

(Roger, Muñoz-Gómez, and Kamikawa, 2017). As part of this fusion process many genes that were 

originally encoded in the mtDNA are believed to have been transferred into the nucleus over time 

(Brandvain and Wade, 2009). 

 

 

Figure 2. Electron Transport Chain (ETC). This figure depicts the ETC and number of proteins 

in each of the five OXPHOS complexes which are translated from mitochondrial genes. In the 

ETC a series of transmembrane electron transporters transfer electrons from NADH and FADH2 

through the ETC complexes and eventually to oxygen molecules. The energy of the electron 

transport pump transfers protons from the mitochondrial matrix to the intermembrane space. The 

proton gradient allows protons to re-enter the mitochondrial matrix which drives the synthesis of 

ATP. Each OXPHOS complex is depicted in grey, embedded in the mitochondrial membrane. The 

mitochondrially encoded proteins contributing to each complex are depicted as coloured boxes 

containing the name of the protein, located within the corresponding OXPHOS complex. The 

colour of each protein’s box corresponds to the complex it is a component of, with red for complex 

I, light grey for complex III, blue for complex IV, and yellow for complex V. Adapted from 

(Bhattacharya, 2017).  

The mitochondrial genome is double stranded, with the two strands referred to as the heavy 

strand and the light strand, based on their buoyancies in caesium chloride density gradients 
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(D’Souza and Minczuk, 2018). The light strand contains the genes for one ETC subunit (mtND6), 

and eight tRNAs (Basu et. al., 2020). The Heavy Strand contains the genes for twelve ETC 

subunits, two rRNAs, and fourteen tRNAs (Basu et. al., 2020). The mitochondrial genome also 

contains a structure called the D-loop. The D-loop is found in the major noncoding region (NCR) 

of the mtDNA and is formed by a linear strand of DNA, called 7S DNA (Nicholls and Minczuk, 

2014). The D-loop contains the origin of replication for the heavy strand of the mitochondrial 

genome (Nicholls and Minczuk, 2014) and is involved in regulating the expression of 

mitochondrially encoded genes (Sanyal et. al., 2018).  

During transcription, the entire mitochondrial genome is transcribed as a single unit. The 

transcription start sites for both the heavy strand and light strand are found in the NCR (Montoya 

et. al., 1982). The NCR also contains promoter elements upstream of the transcription start sites 

(Basu et. al., 2020). There is one promoter for the light strand, (LSP) (Bogenhagen, Applegate, and 

Yoza, 1984), and two promoters for the heavy strand, (HSP1 and HSP2) (Montoya, Gaines, and 

Attardi, 1983). These promoters drive the expression of the genes encoded in their respective 

strands (Basu et. al., 2020).  
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Figure 3. The human mitochondrial genome. Schematic showing the heavy and light strands 

(H-strand and L-strand), non-coding region (NCR), genes encoding Ribosomal RNAs (orange), 

gene encoding tRNAs (light green), and genes encoding subunits of the ETC: NADH hydrogenase 

subunits (purple), Cytochrome c oxidase subunits (blue), ATPase subunits (dark green), and a 

Cytochrome b subunit (red). The HSP is the promoter region where transcription of the heavy 

strand begins, and the LSP is the promoter region where transcription of the light strand starts. For 

the tRNA genes, the letter within the light green circle represents that tRNA’s corresponding codon. 

(Adapted from Jedynak-Slyvka, Jabczynska, and Szczesny, 2021) 

Mitochondrial genome methylation 

 There has been uncertainty in older research about the presence of methylation in 

the mitochondrial genome and its importance in regulating cellular processes if it is present (Ghosh 

et. al., 2015). Notably, more current research has found that methyltransferases localize to the 

mitochondria where they have an important role for the epigenetic regulation of mitochondrial 

gene expression (Robertson et. al., 2000). A recent study using mouse Oocytes shows that the 

overexpression of a SAM mitochondria transport protein caused an increase in the amount of SAM 

entering the mitochondria and potentially methylating mtDNA. The end result was a decrease in 
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mtDNA gene expression and an increase in reactive oxygen species (ROS), suggesting that 

OXPHOS was downregulated (Cheng et. al., 2022). These changes suggested that mtDNA 

methylation inhibited gene expression. 

mtDNA methylation might be regulated by a number of methylases. DNA-

methyltransferase 1 (DNMT1) isoform 3 (DNMT13) has been found to translocate to the 

mitochondria (Saini et. al., 2017). Two other methyltransferase proteins, DNMT3A and DNMT3B 

have also been shown to impact mtDNA methylation status (Chestnut et. al., 2011, Patil et. al., 

2019). Different isoforms of DNMT3A are present in the mitochondria in different tissues, with 

the 78kDa and 100kDa isoform being primarily found in skeletal muscle and neural tissue, 

respectively (Wong et. al., 2013). DNMT3A has been demonstrated to methylate mtDNA in mouse 

amyotrophic lateral sclerosis (ALS) models (Chestnut et. al., 2011). Here, DNMT3A expression 

was found to increase mtDNA methylation in motor neurons that were undergoing apoptosis. 

When DNMT activity was inhibited with the drug RG108, mtDNA methylation levels returned to 

normal and apoptosis did not occur, suggesting that DNMT3A activity is critical for the expression 

of disease phenotype (Chestnut et. al., 2011). Family member DNMT3B has also been 

demonstrated to be involved in the regulation of mtDNA methylation (Patil et. al., 2019). In the 

noncancerous human breast epithelial cell line MCF10A, the knockdown of the DNMT3B gene 

caused a reduction in methylation levels across the mtDNA and an increase in the expression of 

the ND6 gene (Patil et. al., 2019).  

A methyl group modifying DNA enzyme, ten-eleven translocation methyl cytosine 

dioxygenase 2 (TET2), a non-heme and 2-oxoglutarate-dependent oxygenase, has also been found 

in the mitochondria (Dzitoyeva, Chen, and Manev, 2013). TET2 oxidizes 5mC methylated bases 

into 5-hydroxymethylcytosine (5hmC) (Sodiq et. al., 2021). 5hmC may play a role in the regulation 
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of cellular processes by preventing the inheritance of methylation marks during DNA replication. 

(Hahn, Szabó, and Pfeifer, 2014). In aged mouse cerebellum neurons, mitochondrial TET levels 

were found to be lower in young mice, suggesting a link with senescence (Dzitoyeva, Chen, and 

Manev, 2013).  

Impact of mtDNA methylation  

Studies have shown that changes to mtDNA methylation can result in alterations to cellular 

metabolism and to the replication and proliferation of some cell types (Van derWijst et. al., 2017, 

Feng et. al., 2012, Sanyal et. al., 2018, Sun et. al., 2021, Tubiana, 1989). Similar to nDNA 

methylation, which alters the expression of nuclear encoded genes (Razin and Cedar, 1991), 

mtDNA methylation also can alter the expression of mitochondrially encoded genes (Feng et. al., 

2012, Sanyal et.al., 2018, Sun et. al., 2021, Sirard, 2019).  

 In immortalized human cancer cell lines, which have high proliferation rates, such as C33A 

(cervical cancer) and HCT116 (colon cancer), mitochondrial gene expression has been found to be 

influenced by mtDNA methylation (van der Wijst et. al., 2017). One study focussing on colorectal 

cancers found that the D-loop regulatory element within the mitochondrial genome exhibited 

reduced methylation in the cancer cells relative to healthy cells (Feng et. al., 2012). The importance 

of controlling mitochondrial gene expression by mtDNA methylation in cancer cells is highlighted 

by a study using the cervical cancer cell line CaSki (Menga et. al., 2017). The CaSki cells were 

upregulated for mitochondrial methylation by overexpression of the S-adenosylmethionine carrier 

(SAMC) gene, which codes for a transport protein that brings SAM into the mitochondria. The 

resulting increase in methylation suppressed the mitochondrial gene expression of ND6, ND2 and 

cytochrome b that resulted in the impairment of OXPHOS and a 50% reduction in ATP content in 

the mitochondria (Menga et. al., 2017). These metabolic changes caused a decrease in the 
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proliferation of the cancer cells, and the initiation of apoptosis in some of them (Menga et. al., 

2017).  

 The association between mtDNA methylation and increased mitochondrial gene expression 

has also been found outside of cancer systems (Sanyal et. al., 2018). Blood samples from 

populations subjected to arsenic exposure, which causes oxidative stress in cells, demonstrated a 

decrease in the methylation of the D-loop and ND6 gene that were linked to increased mtDNA 

expression levels and copy number (Sanyal et. al., 2018). Though both the cancer and arsenic 

studies involve decreased mitochondrial methylation driving increased gene expression, they do 

not have identical methylation target sites. The D-loop (Feng et. al., 2012, Sanyal et. al., 2018) and 

ND6 are sites that are methylated in the CaSki cells and the arsenic study, whereas ND2 and 

cytochrome b sites are targeted only in the CaSki cells (Menga et. al., 2017, Sanyal et. al., 2018).  

 Mitochondrial methylation is also associated with senescent cells, where increased 

methylation of the mtDNA encoded COX2 gene was associated with senescence in heart 

mesenchymal cells (Sun et. al., 2021). The relationship between mtDNA methylation and 

senescence was found to be causal, because when exogenously produced COX2 protein was 

introduced into the cells, counteracting the suppression of the gene through methylation, the 

proliferation rate of the cells increased (Sun et. al., 2021).  

 Alterations to mitochondrial methylation patterns have been found to have a direct 

association with disease states (Stoccoro and Coppedè, 2021). Neural tissue samples taken from 

Alzheimer’s patients have demonstrated alterations to mtDNA methylation patterns (Blanch et. al., 

2016, Bradley-Whitman and Lovell, 2013). In entorhinal cortex, hippocampus/parahippocampal 

gyrus and cerebellum neural tissue samples of Alzheimer’s patients, mtDNA methylation levels 

have been shown to be higher than in healthy control samples (Bradley-Whitman and Lovell, 2013) 



10 

 

(Blanch et. al., 2016). There is also evidence that alterations to mtDNA methylation in neural tissue 

may be associated with ALS. In this case mtDNA methylation induced by the DNMT1 isoform 

DNMT13A has been shown to be upregulated in human ALS (Chestnut et. al., 2011). In addition, 

cultured mouse neural cells inhibiting DNMT13A resulted in an impediment to the initiation of 

apoptosis by procainamide, supporting a role for mtDNA methylation in ALS (Chestnut et. al., 

2011). 

Methods for assessing DNA methylation 

The utilization of methylation sensitive restriction enzymes is a widely used approach to 

investigate the methylation status of DNA samples. These restriction enzymes cleave DNA at 

target sequences that are either methylated or unmethylated, depending on the specificity of the 

enzyme (Zuo et. al., 2009). This results in different cleavage patterns depending on the methylation 

state of the DNA. After the sample’s DNA has been cleaved, it is then amplified by PCR using 

specific primers to increase the sample density to a sufficient level, so it can be detected without 

altering the sequence (Hashimoto et. al., 2007). The cleaved fragments can then be assessed 

through multiple methods. For example, the methylation status of a specific stretch of DNA can 

be evaluated by gel electrophoresis, as the fragment lengths will differ based on whether they were 

digested by the methylation sensitive enzyme (Jaffé et. al., 2008).  

 Another common method for assessing methylation status is bisulfite sequencing. With this 

method, the DNA sample that is being examined is treated with bisulfite, which converts 

unmethylated cytosine to uracil (Zuo et. al., 2009, Hayatsu, 2008), and the sample is sequenced, 

with the presence of cytosine or uracil at a given site indicating whether that site is methylated or 

unmethylated (Zuo et. al., 2009, Hayatsu, 2008). This sequencing can be performed with any 
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sequencer that can recognize both cytosine and uracil, and so is amenable for use with next 

generation sequencing (NGS) (Zuo et. al., 2009, Hayatsu, 2008). 

MinION DNA methylation sequencing 

Most NGS technologies such as Illumina sequencing assemble a genome by detecting the 

sequence of short DNA fragments, often around 600 base pairs (bp) long (Amarasinghe et. al., 

2020), then connecting them via regions that overlap between fragments from adjacent sections of 

the genome to construct a full sequence given sufficient read depth (Illumina, Inc., 2010). Long 

read sequencing, in contrast, reads larger fragments, often over ten thousand bp long (Amarasinghe 

et. al., 2020). Long read sequencing provides several advantages, such as the sequencing of 

repetitive regions because longer reads are more likely to extend past these areas and contain not 

only the repetitive region, but also include distinct sequences that can be identified for assembly 

(Logsdon, Vollger, and Eichler, 2020). Similarly, when sequencing RNA, long read sequencing 

can be used to identify different isoforms due to the reads covering multiple exons (Wright et. al., 

2022). 

The two most prominent long read sequencing technologies are the Oxford Nanopore and 

PacBio sequencers (Logsdon, Vollger, and Eichler, 2020). In particular, Oxford Nanopore produces 

two portable sequencing platforms, the MinION and the PromethION 2 Solo (Oxford Nanopore, 

2022, Oxford Nanopore, 2023, Fig. 4). As a consequence of their portability the MinION and 

PromethION 2 Solo have lower sequencing throughput than larger sequencers. This is 

advantageous when studying a smaller genome, such as the mitogenome, which can be sequenced 

to sufficient read depth for accurate base determination without the need to dedicate resources to 

sequence an entire cellular genome on a larger throughput sequencer. 
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Figure 4. Nanopore mechanism for reading DNA. Double stranded DNA (dsDNA) is denatured 

by a helicase and single stranded DNA (ssDNA) is passed through a protein pore attached to a 

lipid bilayer. Nucleotide bases cause differential changes to a constant electrical current by the 

electrical resistance of each nucleotide to determine the base sequence of the DNA. (Adapted from 

Beckett and Robson 2023). 

Notably, as well as sequencing the genetic code of a sample, Nanopore offers the additional 

advantage of sequencing the acetylated and methylated DNA bases of that sample (Oxford 

Nanopore, 2022). Nanopore sequencers can detect these modifications because of the mechanism 

they use for sequencing (Fig. 4). Single DNA strands are run through microscopic pores that are 

receiving a constant electrical charge (Oxford Nanopore, 2023). The electrical signal across the 

pore is measured as the DNA strand moves through the pore one base at a time (Fig. 4). Because 

each nucleotide has a different electrical resistance, the electrical signal across the pore will change 
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depending on which nucleotide is passing through it (Oxford Nanopore, 2023). Thus, by recording 

the number and order of each electrical resistance signal that passes through the pore, it is possible 

to measure the nucleotide sequence of the DNA strand (Oxford Nanopore, 2023). This allows 

nucleotide identity to be measured for base modifications, as a nucleotide with an attached methyl 

group will have a different electrical resistance to an unmodified nucleotide of the same type 

(Flynn et. al., 2022). Any type of base modification can be read if the sequence detection algorithm 

has been programed with the electrical resistance signals of each nucleotide featuring that base 

modification (Flynn et. al., 2022). Consequently, base sequences and their modifications can be 

collected simultaneously from the same sample and as part of the same process (Oxford Nanopore, 

2022). Currently, the methylation-detection algorithms for Nanopore sequencing are the best 

developed and most accurate of the algorithms for detecting different types of DNA modifications 

(Liu et. al., 2021). 

Rbl1 (p107) function in mitochondrial metabolism 

Rbl1 (p107) is a member of the retinoblastoma susceptibility gene (Rb) family of 

transcription factor co-repressors and is most highly expressed during the transition from G1 to S 

phase in cells undergoing cell division (Wirt and Sage, 2010). It has been shown to cause changes 

to expression of cell cycle genes through its binding primarily to the E2F4 transcription factor 

(Araki et. al., 2019, Li et. al., 1997).  

Recently, p107 has been shown to suppress mitochondrial gene expression directly through 

alterations of NAD+ levels affecting Sirt1 activity (Bhattacharya et. al., 2021) (Fig. 5). When the 

cellular NAD+/NADH ratio is high in myoblasts, the Sirt1 enzyme prevents p107 from entering 

the mitochondria. (Bhattacharya et. al., 2021). With p107 unable to localize to the mitochondria it 

is also unable to interact with mtDNA, resulting in an increase in its gene expression (Bhattacharya 

et. al., 2021). The suppression of mitochondrial gene expression and the resulting reduction in 
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OXPHOS activity leads to a reduction in ATP production in the cell from both OXPHOS and 

glycolysis (Bhattacharya et. al., 2021) (Fig. 5). This change to cellular metabolism reduces the 

cellular proliferation rate and causes the cell to be halted in the G1 phase of the cell cycle 

(Bhattacharya et. al., 2021). On the other hand, p107 genetically deleted (p107KO) myoblasts 

exhibit significantly increased OXPHOS levels and proliferation rates relative to control cells 

(Bhattacharya et. al., 2021) (Fig. 5).  
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Fig 5. Schematic for p107 mitochondrial function based on Sirt1 activity. When the 

NAD+/NADH ratio is low, p107 is unbound from the Sirt1 enzyme, allowing it to access the 

mitochondrial genome, where it acts to reduce mitochondrial gene expression, reduce the number 

of ETC complex proteins, and reduce OXPHOS and the cell cycle. A high NAD+/NADH ratio 

allows Sirt1 to bind and sequester p107 in the cytoplasm. This causes mitochondrial gene 

expression to increase, allowing more ETC complexes to be produced, and increasing OXPHOS 

and cell cycle rate. (Adapted from Bhattacharya et. al., 2021). 

Evidence for p107 involvement in mtDNA methylation 

Notably, NAD+ levels within the cell have been shown to impact DNA methylation rates 

(Ummarino et. al., 2021), potentially implicating p107 in the DNA methylation process. There is 

also circumstantial evidence suggesting that p107 may be directly involved in methylation 

processes. As p107 is a member of the Rb family of transcription factors that also include Rb and 

p130 (Wirt and Sage, 2010), the activity of its family members and their binding partners can lend 

insight into the potential activity and interacting partners of p107. In this case, Rb has been shown 
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to form a complex with the E2F1, HDAC1 and DNMT1 proteins, whose methylation targeting has 

been found to be disrupted in cancer cells (Robertson et. al., 2000). Members of the nuclear 

Rb/E2F1/HDAC1/DNMT1 complex are known to localize to or have a family member or isoform 

in the mitochondria (Bhattacharya et. al., 2020, Araki et. al., 2019, Saini et. al., 2017). It is possible 

that p107 interacts with a DNMT family member because it is a member of the Rb family, is found 

in the mitochondria and interacts with E2F1 family member E2F4 which is also found in the 

mitochondria (Araki et. al., 2019, Julian and Blais, 2015, Lee, Bhinge, and Iyer, 2011, 

Bhattacharya et. al., 2021). Intriguingly, a DNMT1 isoform, DNMT1 isoform 3 (DNMT13), is 

known to localize in the mitochondria, though its relationship with p107 has not yet been explored 

(Saini et. al., 2017).  

Rational 

mtDNA methylation plays a role in several diseases and complications including cancer 

(Feng et. al., 2012), Alzheimer’s (Blanch et. al., 2016, Bradley-Whitman and Lovell, 2013), ALS 

(Chestnut et. al., 2011), and arsenic poisoning (Sanyal et. al., 2018).  mtDNA methylation has also 

been shown to regulate cellular proliferation (Sun et. al., 2021) and metabolism (Menga et. al., 

2017). Thus, because of the importance of mtDNA methylation for human health, the ability to 

efficiently determine methylation sites would be beneficial for disease screening and research. 

The mitochondrial function of p107 presents a potential approach to investigate the 

mitochondrial epigenetic landscape and test mtDNA extraction methodologies. OXPHOS, which 

is regulated by p107 (Bhattacharya et. al., 2021), determines the rate of mitochondrial ATP 

production (Wilson 2017). The conversion of methionine to SAM requires ATP, such that it might 

impact the availability of SAM for DNA methylation (Ouyang et. al., 2020). Additionally, p107 

might interact with mitochondrial methyltransferases (Wirt and Sage, 2010, Robertson et. al., 



17 

 

2000). Together, this suggests that p107 might influence mtDNA methylation status. Thus, 

comparison of mitochondria methylation status between p107KO and controls provides a model 

system to determine mtDNA methylation status and the effectiveness of mtDNA concentration 

techniques. mtDNA methylation status can be determined efficiently by long read Nanopore 

sequencing, which can cover the entire mitochondrial genome. (Liu et. al., 2021). Compared to 

other DNA methylation sequencing methods, Nanopore sequencing allows for the sequencing of 

both methylation and nucleotides simultaneously and without a chemical nucleotide conversion 

process, reducing potential sources of error (Oxford Nanopore, 2023).  

Hypothesis 

Long read Nanopore sequencing can be used to sequence the mitochondrial methylome 

and elucidate the role of p107 in regulating mtDNA methylation. 

Objectives 

1. Compare mtDNA concentration and extraction techniques for their sequencing read depth 

potential. 

2. Compare the methylomes of control (p107WT) and p107KO myoblasts to identify genes 

which are differentially methylated in the absence of p107. 
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Chapter 2: Materials and methods 

Cell lines and culture 

The C2C12 myoblast cell line was purchased from the American Tissue Type Culture 

(ATTC) and grown in Dulbecco’s Modified Eagle Medium (DMEM) containing 25 mM glucose 

supplemented with 10% fetal bovine serum (FBS) and 1% penicillin streptomycin. p107KO cell 

lines were created and provided by Vicky Shah and Justin Hsiung, two fellow MSc students in the 

Scimè Lab. To generate p107 genetically deleted (p107KO) cell lines Crispr/Cas9 was used to 

simultaneously transfect C2C12 cells with 3 pLenti-U6-sgRNA-SFFV-Cas9-2A-Puro plasmids 

(Applied Biological Materials) each containing a different sgRNA to target p107 sequences (110 

CGTGAAGTCATCCAGGGCTT, 156 GGGAGAAGTTATACACTGGC and 350 

AGTTTCGTGAGCGGATAGAA).  

Mitochondrial isolation 

p107KO and control wildtype (p107WT) C2C12 cells were washed in PBS, pelleted, and 

dissolved in 5 times the packed volume with isolation buffer (0.25 M Sucrose, 0.1% BSA, 0.2 mM 

EDTA, 10 mM HEPES with 1-5 mg/ml of each pepstatin, leupeptin and aprotinin protease 

inhibitors), and homogenized in a Dounce homogenizer on ice, three times with the small pestle 

and three times with the large pestle. The homogenate was centrifuged at 1000 g at 4 °C for 10 min. 

The supernatant was then centrifuged at 14000 g for 15 min at 4 °C and the pellet containing the 

mitochondria was then resuspended in 250µl of QIAprep Spin Miniprep Kit (Qiagen)’s buffer P1 

(50 mM Tris·Cl, pH 8.0, 10 mM EDTA, and 100 µg/ml RNase A) for DNA extraction. 
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Mitochondria DNA extraction  

p107WT or p107KO cell cultures were selected for DNA isolation when they reached 60-

85% confluency in a 60mm petri dish, for a cell count of approximately 1.9x106-2.7x106 cells in 

the growth conditions described above. DNA was extracted using four different methods 

summarized in Figure 6. Method A (MA): p107KO cells had their DNA extracted using the 

DNEasy Blood and Tissue Kit (Qiagen) according to the manufacturer’s protocol. Method B (MB): 

Mitochondria were isolated from p107KO cells and their DNA extracted using the DNEasy Blood 

and Tissue Kit (Qiagen) according to the manufacturer’s protocol. Method C (MC): p107KO cells 

had their DNA extracted using the Qiaprep Spin Miniprep Kit (Qiagen) according to the 

manufacturer’s protocol, which preferentially extracts circularized plasmids (Quispe-Tintaya et. 

al., 2013). Method D (MD): Mitochondria were isolated from p107WT and their DNA extracted 

using the Qiaprep Spin Miprep Kit (Qiagen) according to the manufacturer’s protocol.  

                   Method A (MA): 

 

                     Method B (MB): 

 

                     Method C (MC):  

 

                   Method D (MD): 

 

Figure 6. mtDNA extraction approaches. Each mtDNA extraction method is composed of two 

parts, input material (either whole cell or isolated mitochondria) and DNA extraction method 

(either Blood and Tissue Kit or Miniprep Kit).  

Preparation of DNA libraries for sequencing 

For all samples DNA purity and concentration were quantified using a ThermoFisher 

Scientific NanoDrop 2000 device. After quantification DNA samples were stored at -80oC until 

needed for sequencing. DNA samples were considered pure enough for use in sequencing if they 

possessed a 260/280 value greater than 1.8. Library prep was performed according to the 

manufacturer protocols with the Oxford Nanopore Rapid Sequencing Kit (SQK-RAD004).  

Whole Cell 

Whole Cell 

Isolated 

Mitochondria 

Isolated 

Mitochondria 

Blood and 

Tissue Kit 

Blood and 

Tissue Kit 

Miniprep Kit Miniprep Kit 
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DNA sequencing 

Oxford Nanopore R9.4 flow cells were loaded in accordance with the manufacturer 

instructions for the Rapid Sequencing kit. The finished DNA sample library was loaded into each 

flow cell in a final volume of 75µl. Sequencing was performed using Oxford Nanopore’s 

MinKNOW program using the standard settings for sequencing with an R9.4 flow cell and a SQK-

RAD004 kit. Sequencing was performed for 72 hours. Reads were generated during sequencing 

using Oxford Nanopore’s guppy program for base calling, and sequenced reads as well as flow 

cell signal data were output in FASTQ and FAST5 file formats.  

DNA alignment  

Alignment of sequenced reads was performed using the guppy base caller with the 

dna_r9.4.1_450bps_modbases_5mc_hac.cfg configuration. This alignment was performed on 

three p107KO samples (MA, MB, and MC), and one p107WT sample (MD). During alignment, 

reads were base called again from the original signal data to determine both nucleotide identity 

and 5mC methylation status. The base called reads were aligned to the Genome Reference 

Consortium mouse build 39 mitochondrial reference genome (Bayona-Bafaluy et. al., 2003). 

Alignment was also performed on the Genome Reference Consortium mouse build 39 whole 

genome reference genome (Bayona-Bafaluy et. al., 2003). Read coverage across the genome was 

visualized using Oxford Nanopore’s EPI2ME program (Oxford Nanopore, 2023). This was done 

in order to assess the possibility that nuclear DNA was being misaligned as part of the mitochondria 

when only the mitochondrial genome was considered.  

Comparison of mtDNA isolation methods 

The resulting run statistics for each Method were then transferred into Libre Office Calc to 

calculate: the average read length, total number of reads, total number of reads which passed the 
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quality score cut-off, percentage of reads which passed the quality score cut-off, total number of 

reads aligning to the mitochondria, number of passed reads aligning to the mitochondria, number 

of passed reads aligning to no mouse chromosome, percentage of total reads aligning to the 

mitochondria, percentage of passed reads aligning to the mitochondria, percentage of passed reads 

aligning to no mouse chromosome, and percentage of passed reads with a known chromosome 

aligning to the mitochondria.  

 Adjusting for differences in mtDNA content 

As MD extracted DNA from WT cells and MA, MB, and MC extracted DNA from p107KO 

cells additional analysis was performed to investigate the effects of cell type differences between 

the samples used on the quantity and concentration of mtDNA extracted. Previous research has 

shown that p107KO cells possess 5 times the mtDNA copy number levels of p107WT cells 

generated with a blank CRISPR cassette (Bhattacharya, Shah, and Oresajo, 2021). Thus, the 

statistical results for MD were re-evaluated with the mitochondrial content treated as 5-fold higher, 

to control for potential differences in mtDNA content. This adjusted version from MD is presented 

in the results as ME. 

Sequencing Performance 

The overall sequencing performance was evaluated using the EPI2ME and EPI2ME-Labs 

programs (Oxford Nanopore, 2008; Oxford Nanopore, 2023). EPI2ME measured the read depth 

at each site in the mitogenome, which gives a measure of how accurate we expect the genome and 

epigenome generated from each method to be (Oxford Nanopore, 2008). It also detects any 

mitogenomic regions which have been sequenced with either an above or below average level of 

accuracy. EPI2ME-Labs was used to measure the sequencing speed and number of active flow cell 
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channels as well as how the sequencing speed and active channel count changed over time during 

sequencing for each method (Oxford Nanopore, 2023).  

Non-mouse read alignment 

In order to investigate the origins of passed reads not aligning to the mouse genome, 

NCBI’s BLAST program for alignment (NCBI, 1988) was used to identify a randomly selected 

read which did not align to the mouse genome. This read most closely aligned to the bacterium 

Shigella Flexnari. Due to its presence in the sample, Shigella was used as an example contaminant 

to investigate whether contaminating DNA was present in each sample, and if so, whether the 

quantity of contaminating DNA varied between samples. This was tested by aligning each sample 

to the Shigella reference genome Shigella flexnari 2a strain 301 (Jin et. al., 2002) using the same 

method and read quality score cut-offs that were used in the earlier mouse mitogenome alignments. 

The percentage of passed reads aligning to Shigella and the percentage of non-mouse passed reads 

aligning to Shigella were then calculated. Because Shigella was present in all samples but not to 

the same degree, contaminating organisms were determined to be a potential source of error in 

nanopore based mtDNA sequencing. The extent to which contaminating organisms impacted the 

sequencing quality of each method was assessed by performing a metagenomic analysis on each 

sample to determine the identity of each species from which DNA was present in the samples, as 

well as in what quantity the DNA from each species was present. This analysis was performed 

using the WIMP (What’s In My Pot) workflow from Epi2ME-Labs (Oxford Nanopore, 2023) to 

generate complete metagenomic alignments of the passed reads from each sample. WIMP can 

identify a range of viruses and bacteria, but the output of the program does not correctly identify 

reads aligning to the mouse genome. This occurs because WIMP does not have the mouse genome 

in its reference database of potential DNA source organisms. This does not disrupt the 
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metagenomic alignment however, because WIMP instead identifies mouse reads as human due to 

the similarity between both genomes, and so any reads identified as human can be assumed to 

instead be from the mouse samples. The validity of this interpretation was confirmed by comparing 

the number of ‘human’ aligned reads identified in each sample by WIMP to the number of mouse 

aligned reads identified by direct alignment of each sample to the mouse genome, which produced 

similar estimates. 

 Additional alignments were performed to investigate whether Gamma retrovirus sequences 

were present in the samples from contamination or as a result of integration into the mouse genome 

at some point in the evolutionary past. The reference genomes for Mus musculus mobilized 

polytropic provirus (Evans, L.H., et al) and Murine type C retrovirus (Heinemeyer 2005), the two 

most common Gamma retroviruses in the sample, were chosen. They were aligned against the 

reference genome for the C3H mouse strain (Lilue et. al., 2018), which is the mouse strain that the 

C2C12 cell line was derived from (Yaffe and Saxel, 1977), using the NCBI BLAST program 

(Altschul et. al., 1990). 

DNA methylation reads 

Methylation calculation steps, methylation visualization steps, and analysis of methylation 

steps were performed on both the whole genome and mitochondria-only alignments. The 

mitochondria-only alignment was chosen for final presentation due to results being consistent 

across both alignments. mtDNA methylation levels were calculated using Oxford Nanopore’s 

Jupityr Notebook (Kluyver et. al., 2016) based EPI2ME-Labs (Oxford Nanopore, 2023) program. 

The workflow in the EPI2ME-Labs modified base tutorial was used as the basis for the analysis. 

The tutorial notebook’s code was altered to replace the example datasets with the datasets used for 

this experiment. These changes were made following the instructions within the tutorial for 
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replacing the example dataset with user datasets. The notebook code was also altered in one place 

to correct a coding error that prevented the tutorial code from running properly, as the OS was not 

loaded into one of the chunks. The calculation of mtDNA methylation levels generated a table of 

CpG sites across the genome which listed the location of a site, the number of reads covering that 

site, how many of those reads recorded that site as unmethylated, and how many of those reads 

recorded that site as methylated. 

DNA methylation visualization and analysis 

The table of CpG sites and their methylation statuses generated in the previous step was 

then used to calculate methylation statistics for each sample using Microsoft Excel. The proportion 

of sites methylated in at least one read, representing methylation distribution, and the overall 

proportion of individual site reads containing methylation, representing overall methylation level, 

were both calculated. Methylation data was also visualized using the EPI2ME-Labs modified base 

tutorial workflow (Oxford Nanopore, 2023). This was done to assess read depth distribution as a 

bell curve, as well as to visually display the distribution of methylation across the mitochondrial 

genome and the differences in methylation patterns and levels between the light and heavy strands. 

Differential methylation between one p107KO sample (MA, MB, or MC), and one p107WT sample 

(MD) was assessed using the Bioconductor dispersion shrinkage for sequencing data (DSS) 

package (Park and Wu, 2016) with the R Studio program (RStudio Team, 2020). The mtDNA 

methylation table generated using EPI2ME-Labs was used as the input for the differential 

methylation analysis, which was performed according to the DSS user manual to generate a list of 

differentially methylated regions between the p107WT and each of the p107KO samples. Sample 

smoothing was used for the DSS analysis because it is required when using only a single replicate 

for each treatment. Additionally, for the DSS analysis a p-value cut-off of 0.05 was used when 
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comparing MA against MD and when comparing MC against MD. When comparing MB against 

MD however, a p-value cutoff of 0.5 was necessary because the single replicate and the older 

Nanopore library prep kits and flow cells used in this experiment meant that the read depth 

generated was too low to determine differentially methylated regions with high statistical certainty. 

Once the differentially methylated regions were determined their positions on the mitochondrial 

genome were compared to the Genome Reference Consortium mouse build 39 mitochondrial 

reference genome (Bayona-Bafaluy et. al., 2003) using the NIH genome data viewer to assess the 

identities of the differentially methylated genes. 
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Chapter 3: Results 

mtDNA sequencing reads 

 We used four approaches to obtain mtDNA to be sequenced and its methylation status 

deduced. These were method A (MA): p107KO cells had their total DNA extracted using the 

DNEasy Blood and Tissue Kit (Qiagen), method B (MB): mitochondria were first isolated from 

p107KO myoblast cells and their DNA extracted using the DNEasy Blood and Tissue Kit (Qiagen), 

method C (MC): p107KO cells had their total DNA extracted using the Qiaprep Spin Miniprep Kit 

(Qiagen), which preferentially extracts circularized DNA including mitochondria (Quispe-Tintaya 

et. al., 2013) and method D (MD): mitochondria were isolated from p107WT myoblast cells and 

their DNA extracted using the Qiaprep Spin Miprep Kit (Qiagen). Sequencing was performed on 

the isolated DNA, using Oxford Nanopore’s MinION sequencer and MinKnow sequencing 

program, for a period of 72 hours per sample. 
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Figure 7. Visual representation of mtDNA extraction approaches. Each mtDNA extraction 

method is composed of two parts, input material (either whole cell or isolated mitochondria) and 

DNA extraction method (either the Blood and Tissue Kit, which has no extraction preferences, or 

the Miniprep Kit, which preferentially extracts circularized DNA).  

First, we compared the quality of the DNA for the 4 extraction methods (Fig 7). For Q-

scores we used the default Q-score cutoff for Nanopore’s Guppy base caller. Thus, we considered 

only reads with a Phred quality score Q (mathematical representation of the sequencing error 

probability for that read) of 2 or higher (Delahaye and Nicolas, 2021) (Oxford Nanopore, 2023). 
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We evaluated the results of each sequencing run for input DNA mass, total and Q-score passing 

read counts, total and Q-score passing average read length, average length of mitogenome-aligned 

reads, and percentage of reads passing the Q-score cutoff (Table 1). A fifth analysis, method E 

(ME), was also simulated by recalculating the statistics for MD by quintupling the count of 

mitochondrial-aligned reads in both the total and passed columns. This was done because p107WT 

cells possess one fifth the mtDNA content of p107KO cells (Bhattacharya, Shah, and Oresajo, 

2021). 

Table 1. Summary of sequencing results. Statistical summaries of the reads generated during 

sequencing runs for MA, MB, MC, and MD, as well as an adjusted version of the results of run 

MD, presented here as run ME. The total quantity of DNA used as input for sequencing, total 

number of reads, number of reads with a Q-score that is above the experimental Q-score cutoff, 

average read length, average length of reads with a Q-score above the experimental Q-score cutoff, 

and percentage of reads which have a Q-score above the experimental cutoff were calculated for 

each run. The average read length, average passed read length, average passed mitochondrial read 

length were not separately calculated for sample ME.  
Sample 

method 

Input 

DNA 

mass 

(ng) 

Total 

reads 

Number of 

passed 

reads 

Average read 

length (bp) 

Average length of 

passed reads 

Percentage of passed 

reads 

MA 400 232253 

 

176278 

 

7619.21 

 

8372.99 

 

75.90% 

 

MB 109.5 94326 

 

41076 

 

5641.60 

 

10073.72 

 

43.55% 

MC 166.5 16000 

 

9985 

 

448.14 

 

477.78 

 

62.41% 

MD 99 91052 

 

16151 

 

327.19 

 

302.71 

 

17.74% 

ME - 92780 

 

17087 

 

- 

 

- 

 

18.42% 

 

 

MA possesses a higher number of both total and passed reads than all other samples, at 232253 

and 176278 respectively, with MB at 94326 and 41076 and MD at 91052 and 16151 having similar 
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counts to each other. MC has the fewest at 16000 reads in total and 9985 reads with passing Q-

scores (Table 1). MA and MB also had the largest and second largest average read length, with 

7619.21 and 5641.60 bps. But MB had the longest average reads with passing Q-scores at 10073.72 

bps and the largest difference between the Q-score passing and total average read lengths, with its 

average Q-score passing read length at 4432.12 bps longer than its average total read length (Table 

1). MC was the only method to exhibit a reduction in average length between total and passed 

reads, though with a difference of only 24.48 bps (Table 1). 

Together this data might suggest that the additional processing steps taken to concentrate 

mtDNA in MB, MC, and MD reduce the total number of reads generated, which is expected when 

attempting to eliminate nDNA, but also that these steps may fragment DNA, due to the smaller 

read lengths. The data also suggests that read count and read length are not perfect indicators of 

each other. In this case, MB and MD had the highest and lowest average Q-score passing read 

lengths but did not have the highest and lowest average Q-score passing read counts (Table 1). 

Thus, both should be measured to gain an accurate understanding of the read quality of a 

sequencing experiment. 

Mitochondrial alignment 

The reads generated using each method were aligned to the mouse genome to analyze 

method efficacy at enriching the proportion of mtDNA (Table 2). ME was analyzed for alignment 

statistics to assess whether the potential difference in mtDNA content between p107WT and 

p107KO cells may impact the quality of alignments generated from those cells. Each mtDNA 

isolation method was analyzed for the total and Q-score passing number of reads which aligned to 

the mouse mitochondrial genome and mouse nuclear genome, as well as the number of reads which 

did not align to any part of the mouse genome (Table 2). Additionally, the percentage of reads 
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aligning to the mouse mitochondrial genome was calculated when including all reads in the 

analysis, as well as the percentage of reads with a passing Q-score which aligned to the mouse 

mitochondrial genome and the percentage of those passing mouse-aligned reads which specifically 

aligned to the mitochondria (Table 2).  

Table 2. Summary of alignment results. Statistical summaries of the alignment of the reads 

generated during sequencing runs for MA, MB, MC, and MD, as well as an adjusted version of the 

results of MD, presented here as run ME. For each sample the following were calculated: The total 

number of reads aligning to the mouse mitochondria, number of reads with a Q-score above the 

experimental Q-score cutoff which align to the mouse mitochondria, average length of those 

passing reads which also align to the mitochondria, number of reads with a Q-score above the 

experimental Q-score cutoff which align to the entire mouse genome, number of reads with a Q-

score above the experimental Q-score cutoff which do not align to the mouse genome, percentage 

of reads with a Q-score above the experimental cutoff which align to the mouse genome, 

percentage of all reads which align to the mouse mitochondria, percentage of passed reads with a 

Q-score above the experimental Q-score cutoff which align to the mouse mitochondria, and 

percentage of mouse-aligned reads with a Q-score above the experimental Q-score cutoff which 

align to the mouse mitochondria. 
Sample 

method 

Total number 

of mito reads 

Number of 

passed mito 

reads 

Average 

length of 

passed 

mito 

reads 

Number 

of 

passed 

nuclear 

reads 

Number 

of passed 

non-

mouse 

reads 

Percentage 

of passed 

reads 

aligning to 

the mouse 

genome 

Percentage 

of total 

reads 

aligning to 

the mito 

Percentage 

of passed 

reads 

aligning to 

the mito 

percentage of 

passed 

mouse reads 

aligning to 

the mito 

MA 443 

 

368 

 

7179.84 174542 1368 

 

99.22% 0.19% 

 

0.21% 

 

0.21% 

MB 30 22 

 

5407.05 

 

32056 8998 

 

78.09% 0.03% 0.05% 0.07% 

MC 549 

 

510 

 

639.37 

 

5225 4250 

 

57.44% 3.43% 5.11% 8.89% 

MD 432 

 

234 

 

1086.47 4893 11024 

 

31.74% 0.47% 1.45% 4.56% 

ME 2160 1170 - 

 

4893 11024 

 

35.48% 2.33% 6.85% 19.30% 

We found that ME, for which the results of MD (mitochondrial isolation and plasmid-

preference DNA extraction) were adjusted for differences in the mtDNA content of the sequenced 
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cells, generated the highest number of passed mitochondrial reads at 1170 and MC, which used 

plasmid-preference DNA extraction, generated the second highest number at 510 (Table 2). MA 

(no mtDNA concentrating steps) had 368 and MD (mitochondrial isolation and plasmid-preference 

DNA extraction) had 234 passed mitochondrial reads. MA, MC, and MD all generated 

mitochondrial read counts in the same order of magnitude and MB had the fewest mitochondrial 

reads with 22 (Table 2). MC and MD generated higher numbers of mitochondrial reads (Table 2), 

while also generating fewer total reads than MA (Table 1), meaning that more target reads and 

fewer non-target reads were sequenced. This suggests MC and MD were more successful than MA 

in isolating more mtDNA for sequencing. Because ME generated more mitochondrial reads than 

either MB or MC, plasmid-preference DNA extraction and organelle isolation are more effective 

when used together, than they are when only one is used, as in MB or MC. 

As the number of mitochondrial reads in each sample was similar (Table 2), the large 

difference in total read counts between each sample (Table 1) might be caused by the number of 

nuclear reads and reads which do not align to the mouse genome, which differ by a large degree 

between each sample. The sample which does not seem to hold to this pattern is MB, which 

generated only 22 mitochondrial reads (Table 2), despite having a similar number of total reads as 

MD. 

Non-mouse Reads 

We assessed the non-mouse reads for the different methods of extraction to find the method 

that provided less contamination. First, we analyzed the percentage of each method’s passed reads 

that aligned to the mouse genome to find the extent of contamination in each method. MA had the 

highest rate with 99.22%, followed by MB with 78.09%, with a large reduction for MC and MD 

with 57.44% and 31.74%, respectively (Table 2). We also determined the number of non-mouse 



32 

 

reads present in each sample. For assessment of contaminating, non-mouse reads, we analyzed 

each method using only those reads with passing Q-scores. MD had the highest number of non-

mouse reads at 11024, with MA MB and MC having non-mouse read counts of 1368, 8998 and 

4250 respectively (Table 2). This suggests that the mitochondrial isolation and plasmid-preference 

DNA extraction used in MD may have contributed to having the lowest percentage of reads 

aligning to the mouse genome and the greatest contamination (Table 2).  

Non-mouse read identification 

As there were some reads which did not align with the mouse genome (Table 2), we 

investigated the source organism. For this we performed a metagenomic analysis on each sample 

using Epi2ME-Labs’ WIMP (What’s In My Pot) workflow (Oxford Nanopore, 2023) to find the 

identities and read counts of each contaminating organism in the sample. The reads with passing 

Q-scores generated from sequencing the mtDNA isolated through each Method were used as the 

input. WIMP outputs a list of all organisms which were the best alignment for at least one read 

within the sample, as well as how many reads had that organism as their best alignment. For each 

Method, the identities of the five non-mammal organisms with the highest read count and how 

many reads that organism had as their best alignment are reported in Table 3. 
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Table 3. Summary of alignment results to contaminating organisms. A metagenomic screen 

was performed on each sample using Oxford Nanopore’s Epi2ME-Labs WIMP workflow (Oxford 

Nanopore, 2023). For MA, MB, MC, and MD the five most common contaminating geni are listed, 

along with how many reads of each genus were present in that sample. 

Sample 

method 

Contaminant 

1 identity and 

read count 

Contaminant 

2 identity and 

read count 

Contaminant 

3 identity 

and read 

count 

Contaminant 4 

identity and 

read count 

Contaminant 5 

identity and 

read count 

MA Escherichia 

7349 

Salmonella 560 Muvirus 

261 

Acinetobacter 

108 

Gammaretrovirus 

79 

MB Curtobacterium 

1640 

Escherichia 

1212 

Salmonella 

246 

Gammaretrovirus 

33 

Mycoplasmopsis 

32 

MC Escherichia 

2300 

Curtobacterium 

90 

Salmonella 

89 

Mycoplasmopsis 

50 

Muvirus 

27 

MD Escherichia 

4217 

Curtobacterium 

579 

Salmonella 

252 

Acinetobacter 

67 

Mycoplasmopsis 

40 

The list of non-mouse organisms whose DNA was found in the experimental samples 

included common bacteria such as Escherichia and Salmonella, as well as Muviruses. Gamma 

retroviruses were also found, with Mus musculus mobilized endogenous polytropic provirus and 

Murine type C retrovirus among those identified in MA and MB. This data indicates that 

contamination may have occurred while the samples were being prepared and the flow cells were 

being loaded in the general lab environment. 
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Table 4. NCBI Blast alignment of Gamma retroviruses against the C3H mouse genome. Mus 

musculus mobilized endogenous polytropic provirus aligned against C3H in five locations, and 

Murine type C retroviruses aligned against C3H in one location. For each alignment, the virus 

being aligned, the C3H contig it aligned to, the query coverage, the percent identity, and the E-

value are listed. The query coverage is a measure of the percentage of the viral genome that aligned 

to the C3H sequence at the location in question. The percent identity is percentage of bases within 

the aligned segments that are the same in both sequences. The E-value is a measure of the statistical 

confidence in the alignment being a real similarity and not a result of random chance, with E-

values closer to 0 being considered more accurate. 

Virus C3H contig Query 

Coverage 

Percent 

Identity 

E-Value 

polytropic provirus C3H_HeJ#1#152 2% 94.03% 1e-81 

polytropic provirus C3H_HeJ#1#27 2% 93.03% 3e-78 

polytropic provirus C3H_HeJ#1#161 2% 93.03% 3e-78 

polytropic provirus C3H_HeJ#1#117 1% 90.68% 7e-55 

polytropic provirus C3H_HeJ#1#163 1% 91.86% 1e-26 

Murine type C 

retrovirus 

C3H_HeJ#1#117 4% 76.83% 1e-47 

We next assessed if the Gamma retroviruses detected were artefacts within the C2C12 

genome rather than contaminants introduced during the sample preparation process. Using NCBI 

Blast (Altschul et. al., 1990) the reference genomes for Mus musculus mobilized endogenous 

polytropic provirus (Evans,L.H., et al) and Murine type C retrovirus (Heinemeyer 2005) were both 

aligned against the C3H mouse reference genome, which is the mouse lineage from which C2C12 

cells were derived (Yaffe and Saxel, 1977).   Both viruses aligned to C3H with very low E-values 

of 1e-24 or lower (Table 4). This suggests that portions of the viral genomes may have integrated 

into the C3H genome, resulting in their misidentification as contaminants by WIMP (Table 3).  

Read depth over the mitogenome 

Read depth is an important metric to examine for assessing the efficacy of a sequencing 

method, because it determines the accuracy of the sequencing run. When sequencing a 
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heterogenous population and sequencing for epigenetics, read depth also determines the ability of 

the sequencing run to detect rare genetic and epigenetic variants. Thus, the read depths generated 

from MA, MB, MC, and MD were analyzed by graphing the number of sequencing reads that 

covered each base of the mitogenome during alignment, with the X axis representing position on 

the mitogenome and the Y axis representing read depth (Fig. 8). 
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MC 

 

MD 

 

Figure 8. Read depth over mouse mitochondria genome. Graph of the read depth for MA, MB, 

MC, and MD.  

Our results show that MA had by far the highest read depth across the mitochondria (Fig. 

8) and the second highest mitochondrial read count, after MB (Table 2). MB generated the worst 

read depth and only 2x read depth over parts of the center of the mitochondrial genome (Fig. 8).  

Despite having the second longest average mitochondrial read length, it only generated 22 

mitochondrial reads, which is why the read depth is so low (Table 2). Notably, the read depth for 
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MC is the most consistent, around 10x over most of the mitochondria, with a large spike above 

250x over parts of the D-loop (between mtDNA bases 15320 and 15720) (Fig. 8). Finally, MD has 

an extremely variable read depth, higher on average than MB and MC but with a few areas of low 

coverage (Fig. 8). These results suggest that mtDNA isolation with MA (no mtDNA concentrating 

steps) produces the best read depth when using the Oxford Nanopore Rapid Sequencing Kit (SQK-

RAD004) with Oxford Nanopore R9.4 flow cells, whereas MD (mitochondrial isolation and 

plasmid-preference DNA extraction) produces the best results of the mtDNA concentration 

methods. 

Flow cell degradation rate  

To investigate if pore stability was a factor in read count generation, we assessed the 

performance over time of the flow cells for MA, MC and MD. The flow cell for MB could not be 

analyzed due to a technical error resulting in the loss of flow cell data for the first portion of the 

run. The performance of the flow cells used to sequence MA, MC and MD was assessed using two 

metrics. The first metric was the change in the sequencing speed of each flow cell over the course 

of the sequencing operation, which was quantified by measuring the number of bases sequenced 

per second at hourly intervals (Fig. 9). We found that MA had the highest average sequencing 

speed of about 400 bases per second before hour 40, MC had an average sequencing speed of about 

275 before hour 40, and MD has an average of about 300 bases per second before hour 40 (Fig. 

9). These results suggests that MA’s higher total read depth compared to MD (Table 1) might be 

due to the amount of sequencing that occurred before channel collapse. 
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MA 

 

MC 

 

MD 

 

Figure 9. Sequencing speed of flow cell over the course of the sequencing operation. The 

sequencing speed, bases sequenced per second, for MA, MC, and MD are presented in hourly 

increments over the course of the sequencing run. 
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The second metric assessed was the degradation of the flow cells over the course of the 

sequencing operation, which was quantified by measuring the number of functional sequencing 

channels remaining in each flow cell at hourly intervals (Fig. 10). We found that MC’s and MD’s 

flow cell pores collapsed more slowly than MA’s (Fig. 10). MC and MD dropped below 200 

functioning pore channels at hour 19 and 18 of the run and below 100 functioning channels at hour 

29 and 24, respectively (Fig. 10). In contrast, MA dropped below 200 functioning channels at hour 

8, and below 100 functioning channels at hour 12 (Fig. 10). MA and MC retained functional 

channels for longer than MD, with a few channels remaining until the end of the experiment, while 

MD lost all active channels by hour 40 (Fig. 10). However, MA’s continued high sequencing speed 

after hour 40, which remained between 200 and 400 bases per second whereas MC’s sequencing 

speed after hour 40 fell to between 100 and 300 bases per second (Fig. 9), suggests that despite 

MA’s faster channel collapse, those pores which did remain were able to sequence effectively. 

These results suggest that the early flow cell collapse in MC and MD (Fig. 10) is associated with 

an early cessation of sequencing (Fig. 9), which impacts the final read depth (Fig. 8) and perhaps 

a lower mitochondrial read count (Table 2). 
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MA 

 

MC 

 

MD 

 

Figure 10. Degradation of the flow cells over the course of the sequencing operation. The 

number of remaining functioning flow cell channels at each 30 minute increment over the course 

of the sequencing run for MA and MD. 
 



42 

 

Mitogenome methylation detection of different DNA isolation methods  

To investigate the role of p107 in potentially regulating mtDNA methylation, p107KO and 

p107WT were compared using EPI2ME-Labs (Oxford Nanopore, 2023) and the Bioconductor 

dispersion shrinkage for sequencing data (DSS) analysis (Park and Wu, 2016) programs.  MD was 

selected for p107WT because it is the only wildtype sample. MB was chosen for the p107KO 

sample, as it had the most similar read depth distribution to MD (Fig. 8) and thus introduced the 

lowest amount of potential bias into the differential methylation analysis. It is important that the 

two methods being compared possess similar read depths because in Nanopore samples there is a 

correlation between read depth and the level of methylation detected in a sample if the read depth 

is below 50 (Lüth, et. al., 2021). The result of this correlation is that if two genomes with identical 

methylation levels were sequenced, one at a high read depth and one at a low read depth, the one 

with the high read depth may be incorrectly identified as also having higher methylation levels 

(Lüth, et. al., 2021).  

MD, the only p107WT sample, had a read depth that generally was between 5 and 25 times 

coverage over the mitochondrial genome (Fig. 8). Comparing MD to MA, which had a read depth 

of over 130 for most of the mitochondrial genome, or to MC, which had a read depth of over 250 

in the D-loop (Fig. 8), would have resulted in those samples having falsely inflated methylation 

levels relative to MD relative to the levels they actually possess. In contrast, MB’s more similar 

read depth distribution to MD means that the detected methylation levels of MB and MC relative 

to each other will remain accurate.  
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Table 5. differentially methylated sites in a p107WT and a p107KO sample. This table displays 

the genes that exhibited differential methylation, the positions along the mitochondrial genome 

where differential methylation was observed, the mean methylation frequency for each 

differentially methylated site in the p107KO sample, the mean methylation frequency for each 

differentially methylated site in the p107WT sample, the difference in methylation levels for each 

site between the samples, and the p-value for differential methylation at each site.  

Gene Position p107KO 

Methylation 

p107WT 

Methylation 

Methylation 

Difference 

p-value 

mtATP6 8561 0.20658675 0.09569184   0.11089490 0.1313734 

mtATP6 8562 0.20658675 0.09569184   0.11089490 0.2169332 

ND4 11459 0.09947919 0.19910718 -0.09962799 0.2575922 

ND4 11460 0.09947919 0.19910718 -0.09962799 0.2474921 

The methylation alignment data generated by Epi2ME-Labs was input into DSS to identify 

any genes which had significantly different methylation frequencies between MB (p107KO) and 

MD (p107WT). When the methylation levels across MB and MD were compared with DSS using 

a p-value cutoff of 0.5, four sites with significant differences in methylation were found, three of 

which had p-values below 0.25 (Table 5). The differentially methylated sites consisted of two 

adjacent positions for each of mtATP6 and ND4. Because the mouse mtATP6 gene is found 

between positions 7,927 and 8,607 of the mouse mitogenome (Cunningham et. al., 2022) and the 

mouse ND4 gene is found between positions 10,167 and 11,544 of the mouse mitogenome 

(Cunningham et. al., 2022), both differentially methylated regions are located near the 3’ end of 

their respective gene. 

Both mtATP6 methylation sites exhibited a difference in mean methylation frequency 

across all analyzed reads of 0.11089490 more methylation in the p107KO sample, with p-values 

of 0.1313734 and 0.2169332 for mitogenome positions 8561 and 8562, respectively (Table 5). For 

the adjacent differentially methylated bases in the ND4 gene, both exhibited a difference in mean 

methylation frequency across all analyzed reads of 0.09962799, with more methylation in the 
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p107WT sample (Table 5). The p-values are 0.2575922 and 0.2474921 for mitogenome positions 

11459 and 11460, respectively (Table 5).  

Additional analyses were also run comparing the mtDNA methylation levels of the 

p107KO MA and MC to MD (see Appendix 1 and Appendix 2). Though their higher read depths 

relative to MD make these analyses less reliable comparators, their higher read depths relative to 

MB will produce results with a superior p-value. When MA was compared to MD with a p-value 

cutoff of 0.05, 53 sites distributed across the ND2, ND4, ND5, and tRNA-Trp genes in MA were 

found to have methylation frequencies of between 0.12 and 0.15 lower than in MD with p-values 

below 0.05 (Appendix 1). The ND2, ND4 and ND5 genes encode for components of OXPHOS 

complexes, and tRNA-trp is a transfer RNA. When MC was compared to MD with a p-value cutoff 

of 0.05, 119 sites distributed across the ND1, ND2, ND4, ND5, CO1, mtATP6, tRNA-Trp, and 

tRNA-Gln genes were found to have frequencies in MC between 0.12 and 0.15 lower than in MD 

with p-values below 0.05. (Appendix 2) The ND1, ND2, ND4, ND5, CO1, and mtATP6 genes 

encode for components of OXPHOS complexes, and tRNA-Trp and tRNA-Gln are transfer RNAs. 

All three p107KO samples displayed reduced methylation relative to MD on the ND4 gene, though 

not at the same site. MB displayed reduced ND4 methylation at bases 11459 and 11460 (Table 5), 

while MA and MC both displayed reduced ND4 methylation at base 11420. 

The p107KO MA and MC samples both displayed reduced levels of ND2, tRNA-trp, and 

ND5 methylation relative to the p107WT MD (Appendix 1 and Appendix 2). Both samples 

showed reduced ND2 methylation between bases 4920 and 2936. Both samples showed reduced 

tRNA-trp methylation at bases 4939, 4946, 4947, 4950, 4953, 4958, 4959, 4965, and 4968. Both 

samples showed reduced ND5 methylation at bases 12778, 12782, 12786, 12787, 12788, 12790, 

12857, and 12860. The MB and MC samples both displayed differential methylation in the 
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mtATP6 gene relative to MD, but in different directions. With MB displayed increased methylation 

in the gene at sites 8561 and 8562, and MC displaying decreased methylation in the gene. Taken 

together, the results of all three differential methylation analyses suggest that the mitochondrial 

methylome is substantively altered in the absence of p107, primarily through reduced methylation 

of ND4 and other OXPHOS components, and therefore that p107 regulates mtDNA methylation.  
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Chapter 4: Discussion 

 When comparing the sequencing efficiency of the different methods used to obtain 

mtDNA, we found that MA (without direct mtDNA isolation) generated the best final read depth 

(Fig. 8). ME (mitochondrial isolation followed by plasmid-preference DNA extraction, and 

adjustment for cell culture mtDNA content) generated the best percentage of reads with passing 

Q-scores which aligned to the mitochondria (Table 2). MC had the highest percentage of passing 

mitochondrial reads after ME. When the p107WT (MD) and the p107KO (MB) were compared to 

identify differentially methylated sites in the mitochondrial genome, mtATP6 was found to exhibit 

higher methylation levels in the p107KO at adjacent bases, whereas ND4 was found to exhibit 

higher methylation levels in the p107WT at adjacent bases. ND4 was also found to exhibit higher 

methylation levels in the p107WT when the p107KO MA and MC were compared to MD. 

 Nanopore sequencing, compared to other widely used methods such as bisulfite 

sequencing, is better at sequencing over repetitive regions (Heydari et. al., 2019, Kinkar et. al., 

2021) and correlating polymorphisms (Huang et. al., 2023) into haplotypes. These capabilities are 

a result of the longer reads generated by Nanopore sequencing (Quail, Swerdlow, and Turner, 2009, 

Amarasinghe et. al., 2020). Moreover, Nanopore’s signal-based methylation detection method 

(Oxford Nanopore 2023) provides additional benefits, allowing data to be analyzed for multiple 

types of epigenetic modification (Rand et. al., 2017, Sood, Viner, and Hoffman, 2019, Liu et. al., 

2015, Kot et. al., 2020). Bisulfite sequencing only detects methylation, whereas Nanopore-

generated data can be analyzed for any type of epigenetic modification that has had a sufficiently 

accurate detection algorithm written for it (Rand et. al., 2017, Sood, Viner, and Hoffman, 2019, 

Liu et. al., 2015, Kot et. al., 2020). This is particularly important because new types of epigenetic 

base modification beyond acetylation and 5mC methylation continue to be discovered (Luo et. al., 
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2015, Maejima and Sadoshima, 2014, Kumar, Chinnusam and Mohapatra, 2018). Importantly, as 

base modification detection algorithms can be applied to existing sequencing data from previous 

Nanopore experiments, any modification can be identified and investigated using existing data 

without the need to collect new samples and perform new sequencing experiments. Similarly, if 

the accuracy of a base modification detection algorithm is improved, the new, more accurate 

version of that algorithm can be reapplied to an older experiment, allowing for an improved 

confidence in that experiment’s results without needing to perform the experiment again. Another 

advantage Nanopore sequencing has over both restriction enzyme methylation detection and 

bisulfide sequencing is that Nanopore sequencing can be performed in the field (Runtuwene et. al., 

2019). The ability to sequence in the field allows for fresh samples to be used that have not been 

subjected to storage or transportation and thus have had less time for degradation of the sample to 

occur (Pramanik, Sarma, and Murty, 2006). 

The regulation of OXPHOS by p107 makes it a potential regulator of DNA epigenetic 

modifications by modulating the supply of the metabolites necessary for DNA base modification. 

The synthesis of SAM is dependent on the rate of cellular metabolism and whether OXPHOS or 

glycolysis is dominant within a cell (Ouyang et. al., 2020, Shi and Tu, 2016). Thus, when p107 

influences the cell’s metabolic rate it will impact the availability of SAM and thus the cell’s ability 

to carry out epigenetic modifications. 

On their own plasmid-preference DNA extraction or isolation of the mitochondria before 

DNA extraction have both been shown to increase mtDNA concentration and mitochondrial read 

depth (Quispe-Tintaya et. al., 2013). However, when both approaches were used in the same 

method to extract mtDNA (MD) it resulted in a worse read depth than MA where total DNA was 

used, (Fig. 8). This result can be partially explained when the different components that contribute 
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to read depth are examined. Read depth is a function of both read count and read length. In this 

case, 1.45% of reads from MD with passing Q-scores aligned to the mitochondria whereas only 

0.21% of passing MA reads aligned to the mitochondria (Table 2). Thus, MD would be expected 

to generate 6.9% as many mitochondrial reads as MA if reads in both samples were the same length 

and were being sequenced at the maximum rate. However, this was not the case because MA 

sequenced at a higher speed and for longer than MD (Fig. 9 & Fig. 10). Thus, the total number of 

reads generated for each method had a larger influence on the number of mitochondrial reads 

generated, resulting in MA generating more mitochondrial reads with passing Q-scores than MD 

(Table 1). In addition, the higher number of mitochondrial reads generated by MA relative to MD 

might be due to MA using the recommended input DNA concentration for the Oxford Nanopore 

SQK-RAD004 that is 400g, compared to the 99g of input DNA that was used for MD (Table 

1). The low quantity of input MD DNA was a result of the limited concentration of total DNA that 

was obtained using this method. 

Another factor that might also have impacted the read count for MD is that it is the only 

sample generated from p107WT cells, while the other methods used p107KO cells. In this case, 

p107WT cells have lower mtDNA content than p107KO cells (Bhattacharya, Shah, and Oresajo, 

2021), and when this was accounted for with ME, the outcome was 3.18 times as many 

mitochondrial reads with passing Q-scores as in MA (Table 1). 

Our results suggest that the inclusion of plasmid-preference DNA extraction can increase 

mtDNA concentration over what can be achieved with mitochondrial isolation alone. As 

mitochondrial isolation was also used in MB, its results can be analyzed to provide insight into the 

potential cause of the lower read depth for MD. MB generated the lowest number of passed 

mitochondrial reads, generating only 22 in comparison to the 368 passed mitochondrial reads 
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generated by MA (Table 2), which had no mtDNA concentration techniques applied to it. 

Mitochondrial isolation has been shown to increase mtDNA concentration and read depth (Quispe-

Tintaya et. al., 2013), thus it is possible that the poor performance for MB is a result of a 

shortcoming with the specific mitochondrial organellar isolation technique used, which used 

physical agitation with a Dounce homogenizer to break down the cellular membrane. This 

possibility is further supported by evidence that mitochondrial isolation using centrifuge-based 

methods without douncing can increase mtDNA concentration in a sample (Quispe-Tintaya et. al., 

2013). If this shortcoming in mitochondrial extraction methodology is the cause of MB’s poor read 

count, then the same shortcoming would also reduce MD’s read count. MD generated a higher read 

depth than MB (Fig. 8). Because these two methods only differed in the addition of plasmid-

preference DNA extraction in MD, the read depth difference suggests that the combination of 

plasmid-preference DNA extraction with mitochondrial isolation is superior at mtDNA 

concentration than mitochondrial isolation alone. 

In addition to read count, read length also impacted the difference in mitogenome read 

depth between MD and MA. The samples had similar Q-score passing mitochondrial read counts, 

with 234 for MD and 368 for MA (Table 1), but the passed mitochondrial reads for MA were on 

average 11.23 times longer than for MD. This would potentially contribute to MA having the 

superior read depth. Because physical agitation is known to fragment DNA (Li et. al., 2017), the 

additional processing steps involved in generating MD, where the mitochondria is isolated before 

DNA extraction, and DNA isolation is performed using a spin column kit which preferentially 

extracts circularized DNA (Quispe-Tintaya et. al., 2013), might increase fragmentation sufficiently 

to impact the final read depth. 
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In addition to common bacteria such as Escherichia and Salmonella, the list of non-mouse 

organisms whose DNA was found in the experimental samples included Muviruses, and gamma 

retroviruses (Table 3). This suggests contamination of the cell cultures but could also be a result 

of DNA from gamma retroviruses that integrated into the genome of the mouse population from 

which C2C12 cells were derived. Retrovirus integration into the mouse genome is a well-known 

phenomenon (Garen 2016). The fact that these reads were not present in the same quantities in MC 

and MD (Table 3), which contained fewer autosomal mouse reads (Table 2), supports this 

possibility. Also, the two most common gamma retroviruses in the sample, Mus musculus 

mobilized endogenous polytropic provirus and Murine type C retrovirus, both successfully aligned 

to the genome of C3H, the mouse strain from which the C2C12 cell line was derived (Yaffe and 

Saxel, 1977). 

Though the level of contamination that was present allowed sequencing to a sufficient read 

depth for analysis (Fig. 8, Table 5, Appendix 1 and Appendix 2) there is utility in reducing further 

its presence. Multiple techniques exist, which could be employed to reduce sample contamination. 

Sterile, automated systems can be used to perform spin column based operations (Qiagen, 2024), 

thereby reducing the exposure of the sample to open air and the possibility of contaminants being 

introduced during manual handling. Additionally, spin column methods exist which can be used 

for mitochondrial isolation as an alternative to Dounce homogenization (Thermo Scientific, 2023), 

which would remove the possibility of contaminations being introduced on the homogenizer. 

Alternatively, the use of disposable homogenizers or autoclaving of a reusable homogenizer 

between experiments could also reduce the exposure to contaminants. 

Breast, cervical, colorectal, gastric, hepato-cellular, lung ovarian, pancreatic, and prostate 

cancers have all been shown to be subject to changes in mtDNA methylation in some individuals 
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which can make the cancers resistant to some anti-cancer drugs (Romero-Garcia, Prado-Garcia, 

Carlos-Reyes, 2020). Increasing mtDNA concentration can help to screen patient cancer samples 

for the methylation markers which induce drug resistance by allowing for the multiplexing of 

cancer DNA samples to make the epigenetic sequencing of these samples more efficient.   

Inorganic contaminants are a potential driver of poor sequencing performance, because 

non-DNA contaminants are known to contribute to pore collapse (Chou et. al., 2020). MD stopped 

sequencing before MA and had its flow cell degrade faster than MA’s (Fig. 9) (Fig. 10). Because 

MD contained an additional mitochondrial isolation step not found in MA, it is possible that its 

faster flow cell channel collapse may have been caused by the additional processing steps involved 

in mitochondrial isolation. This is supported by MC, which also used plasmid-preference DNA 

extraction but did not possess the additional mitochondrial removal step, retained functional 

channels and continued to sequence until the end of the sequencing run (Fig. 9 & Fig. 10) 

The ND4 gene displays decreased methylation in all three p107KO samples, MA, MB, and 

MC compared to the p107WT MA (Table 5, Appendix 1 and Appendix 2). ND4 is a component 

of OXPHOS complex I (Alharbi et. al., 2019). Loss of function mutations in ND4 have been shown 

to inhibit OXPHOS activity (Xu et. al., 2017), thus its methylation in p107WT cells is consistent 

with a p107 role as a suppressor of OXPHOS (Bhattacharya et. al., 2021). Loss of function 

mutations of the ND4 gene have been found in human patients with multiple sclerosis, an 

autoimmune disease of the central nervous system (Alharbi et. al., 2019). p107 has been shown to 

play a role in regulating neural stem cell populations by preventing apoptosis and supressing cell 

growth (Robanus-Maandag et. al., 1998). The ND2, ND5, and tRNA-Trp genes also displayed 

reduced methylation in MA and MC relative to MD (Appendix 1 and Appendix 2), though they 

do not display any difference in methylation levels between MB and MD (Table 5). MC also 
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displayed decreased methylation of the tRNA-Gln gene relative to MD and was the only knockout 

sample to do so. These results are also in line with our hypothesis, because ND2 and ND5 are 

components of OXPHOS complex I (Alharbi et. al., 2019). tRNA-Trp and tRNA-Gln encode 

tRNAs which are necessary for proper OXPHOS function. Mitochondrial mutations which reduce 

tRNA-Trp expression are correlated with reduced OXPHOS function in human patients with 

Combined OXPHOS system deficiencies (Smits et. al., 2009). Mutations which impede the amino 

acetylation of tRNA-Gln, and thus its ability to participate in protein translation, are associated 

with reduced OXPHOS complex biosynthesis and a resulting reduction in OXPHOS function 

(Friederich et. al., 2018). 

The observed increase in methylation of the mtATP6 gene, which is a subunit of the ETC, 

in MB (p107KO) is surprising as it would imply a decrease in mtATP6 gene expression and 

OXPHOS activity (Moreno-Loshuertos et. al., 2023), despite p107KO displaying increased 

OXPHOS (Bhattacharya et. al., 2021). However, loss of function mutations in mtATP6 are known 

to be tumorigenic (Moreno-Loshuertos et. al., 2023). Hence, it is possible that the suppression of 

mtATP6 in the absence of p107 is a result of p107’s role as a tumor suppressor (Dannenberg et. 

al., 2004) that is unrelated to OXPHOS control. It is also, however, possible that the anomalous 

result is a false positive and that mtATP6 is not in fact methylated in the absence of p107. This is 

supported by the low p-values, 0.13 and 0.22, for mtATP6 (Table 5), and by the decreased 

methylation of mtATP6 in MC relative to MD, which was observed with a p-value of around 7e-11 

at most sites (Appendix 2), making this the more likely possibility. This could be checked by 

performing additional sequencing runs of MB and pooling the resulting reads, and doing the same 

for MD, in order to improve the read depth and the resulting accuracy of the read base calling 

(Castro-Wallace et. al., 2017) (Liu et. al., 2021).  
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MA and MC have higher read depths across the mitogenome than MD (Fig. 8), and 

therefore have the potential to introduce bias into the differential methylation calculations (Lüth, 

et. al., 2021). However, the bias associated with higher read depths is for an increase in the amount 

of methylation detected at any given site, and so any sites which display increased methylation in 

the higher read depth samples may be an artifact of bias. MA and MC, however, did not display 

any sites with increased methylation relative to MD, only sites with decreased methylation relative 

to MD (Appendix 1 and Appendix 2). Thus, if the results were altered by the read depth bias, it 

would tend to weaken or eliminate any results with decreased methylation relative to MD. Hence, 

any which remain have a high confidence of being real effects.  

One major shortcoming of this thesis is the lack of experimental replicates for each of the 

methods, as MA, MB, MC, and MD had only one replicate each. This was done to investigate the 

utility of nanopore sequencing of mtDNA using several approaches to its isolation. However, error 

arising from chance events in the samples used could have contributed to the differences in results 

between the different methods used for mtDNA extraction. Repeating the experiment with more 

replicates would enable us to investigate whether the observed differences in mtDNA methylation 

patterns between p107WT and p107KO myoblasts are a true difference or a result of sampling 

error.  

The addition of more replicates would improve the results of the comparison of mtDNA 

concentration methods. We have theorized that MB and MC’s low read depth relative to MA could 

be result of loss of DNA, the addition of contaminants, or damage to the DNA occurring as a result 

of the mitochondrial isolation employed in MB and the plasmid-preference DNA extraction 

employed in MC. It is an important factor to note, however, that while MB and MC were derived 

from the same p107KO culture, MA was derived from a different p107KO culture. It is possible 
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that a random event during the CRISPR/Cas9 process used to generate these knockouts resulted in 

one strain possessing higher mtDNA content than another, which would skew those results, and 

performing additional replicates using multiple wildtype, scrambled, and knockout samples for 

each method would eliminate this possibility and allow for a more direct comparison between 

methods. Similarly, additional replicates would also eliminate the need for ME and its artificial 

adjustment for differences in mtDNA content between cultures, because the same cultures could 

be compared between all mtDNA concentration methods, and any differences in mtDNA content 

between cultures could be directly compared. 

In addition to their utility in studies on mitochondrial function, methods to concentrate and 

extract mtDNA also have ecological applications. The ability to collect mtDNA data from several 

individuals can facilitate surveys of the genetic diversity of animal populations (Wanner et. al., 

2021). This is especially valuable because it allows for non-invasive sampling of rare populations, 

including endangered species because the high per-cell copy number of mtDNA allows it to be 

acquired in sufficient quantities to be sequenced from fecal samples, which can be acquired 

without directly interacting with individual animals (Wanner et. al., 2021).  

Performing mtDNA surveys using Nanopore sequencing has the added benefit of being 

able to incorporate epigenetic data, which is important to provide information on the distribution 

of individuals at different life stages within that population (Sirard 2019). Some species including 

humans display changes to mtDNA methylation patterns during the aging process (Sirard 2019). 

These markers can be used to guess the age of the individual which left a specific stool sample, 

and thus can be used to estimate the age distribution of a population if enough samples are taken. 

Humans have also been shown to exhibit changes in mtDNA methylation patterns in response to 

exposure to environmental pollutants (Sharma, Pasala, and Prakash, 2019). This could be applied 
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to other mammals, where fecal mtDNA samples could be compared over time or between locations 

with different pollutant exposure to identify the degree to which a species of interest’s cellular 

activity is affected by the pollutants around it, in order to gain an understanding of its vulnerability 

to environmental changes. 

There are additional steps that could be taken to improve the statistical confidence in the 

results found in this thesis. Greater confidence in the results of the comparative analysis of 

extraction methods MA, MB, MC, and MD could be achieved by increasing the number of 

replicates and performing each mtDNA extraction method again on the same source strain. This 

would control for any potential technical errors in performing the extractions. It will help 

determine whether the poor performance of MB and MC compared to their demonstrated potential 

for mtDNA concentration (Quispe-Tintaya et. al., 2013) was a result of the human error during the 

extraction process.  

Because Nanopore sequencing allows for the pooling of results from different sequencing 

runs, MB, MC, and MD could be sequenced additional times to bring their read depths above 50, 

the threshold at which read depth differences do not introduce methylation detection bias (Lüth, 

et. al., 2021). This would allow improvement of the p-value for the differential methylation 

analysis of MB against MD. It will also allow us to investigate whether any genes with lower 

methylation levels in MA or MC relative to MD were missed during the initial analysis due to their 

methylation levels being inflated by read depth induced bias. 

In addition, the statistical confidence of both the extraction method and differential 

methylation analyses could be improved by introducing more biological replicates. If each 

extraction method was performed on multiple p107KO and p107WT C2C12 strains, it would 

control for possible differences in mtDNA content in the absence of p107, and for any off-target 
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effects of the CRISPR process used to generate the KO cells, which could impact mtDNA content. 

It would also allow us to ensure that the WT strain used for MD is in fact representative of the 

mitogenomes of WT C2C12 cells. Additionally, the usage of a cultured myoblast cell line derived 

from a mouse strain other than C3H would allow us to control for and investigate any differences 

in p107’s effect on mtDNA methylation between different mouse strains. 

There are also steps that can be taken to expand on the results in future experiments. 

Though cell cultures are commonly used to study biological phenomena, they do not perfectly 

replicate the behaviour of cells in vivo (Edmonson, Broglie, Adcock and Yang, 2014). This can be 

corrected by sequencing satellite cells and myoblasts from tissue samples (Munchel et. al., 2015). 

The cells can be isolated from tissue samples using Fluorescence-activated cell sorting (Gromova, 

Tierney, and Sacco1, 2015) (Pakula, Spinazolla, and Gussoni, 2019). This will allow us to better 

understand the effects of p107 on mtDNA methylation in living organisms.  

In conclusion, the results of this paper demonstrate that by combining mitochondrial 

isolation and plasmid-preference DNA extraction, mtDNA can be isolated more effectively than 

with either method alone, and that p107 regulates mtDNA methylation at OXPHOS genes. 
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Appendix: 

Appendix 1. differentially methylated sites in MA and MD. This table displays the genes that 

exhibited differential methylation, the positions along the mitochondrial genome where that 

differential methylation was found, the mean methylation frequency for each differentially 

methylated site in the p107KO MA, the mean methylation frequency for each differentially 

methylated site in the p107WT MD, the difference in methylation levels for each site between the 

samples, and the p-value for differential methylation at each site. 

Gene Position p107KO 

Methylation 

p107WT 

Methylation 

Methylation 

Difference 

p-value 

ND2 4920 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4921 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4924 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4925 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4926 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4927 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4930 0.007496246 0.1458576 -0.1383613 4.278481e-11 

ND2 4931 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4932 0.007496246 0.1458576 -0.1383613 4.307112e-11 

ND2 4933 0.007456076 0.1457126 -0.1382565 4.240622e-11 

ND2 4934 0.007416373 0.1455686 -0.1381522 4.038714e-11 
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ND2 4935 0.008135183 0.1472165 -0.1390814 1.501640e-11 

ND2 4936 0.008337251 0.1419359 -0.1335986 1.919739e-11 

tRNA-

trp 

4939 0.008293697 0.1418142 -0.1335205 1.908292e-11 

tRNA-

trp 

4946 0.008166098 0.1414533 -0.1332872 1.652347e-11 

tRNA-

trp 

4947 0.008216112 0.1415729 -0.1333568 1.746227e-11 

tRNA-

trp 

4950 0.008224219 0.1415729 -0.1333487 1.744996e-11 

tRNA-

trp 

4953 0.008182085 0.1414533 -0.1332712 1.662781e-11 

tRNA-

trp 

4958 0.008188820 0.1414533 -0.1332645 1.673528e-11 

tRNA-

trp 

4959 0.008146575 0.1413345 -0.1331879 1.594296e-11 

tRNA-

trp 

4965 0.008161524 0.1413345 -0.1331729 1.629507e-11 

tRNA-

trp 

4968 0.008175252 0.1413345 -0.1331592 1.636417e-11 

ND4 11274 0.010306816 0.1432261 -0.1329193 6.214930e-13 
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ND4 11373 0.009538956 0.1435635 -0.1340246 3.424115e-11 

ND4 11375 0.009650379 0.1438204 -0.1341701 3.332168e-11 

ND4 11376 0.009707218 0.1439501 -0.1342428 3.499951e-11 

ND4 11383 0.009802216 0.1443438 -0.1345416 3.964636e-11 

ND4 11385 0.009861642 0.1444767 -0.1346150 4.165278e-11 

ND4 11392 0.010108026 0.1450166 -0.1349086 5.063422e-11 

ND4 11403 0.010285935 0.1455703 -0.1352843 6.000305e-11 

ND4 11404 0.010353278 0.1457109 -0.1353576 7.215745e-11 

ND4 11406 0.010421696 0.1458525 -0.1354308 6.615304e-11 

ND4 11407 0.010421696 0.1458525 -0.1354308 7.583914e-11 

ND4 11408 0.010421696 0.1458525 -0.1354308 6.615304e-11 

ND4 11415 0.010702770 0.1464278 -0.1357251 7.998353e-11 

ND4 11416 0.010702770 0.1464278 -0.1357251 8.024981e-11 

ND4 11420 0.009972672 0.1536263 -0.1436537 1.444549e-10 

ND4 11440 0.006847082 0.1498393 -0.1429922 1.517069e-08 
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ND4 11441 0.006847082 0.1498393 -0.1429922 1.517069e-08 

ND4 11443 0.006847082 0.1498393 -0.1429922 1.517069e-08 

ND4 11444 0.006847082 0.1498393 -0.1429922 1.517069e-08 

ND4 11447 0.006897255 0.1500634 -0.1431661 1.596911e-08 

ND4 11448 0.006948044 0.1502896 -0.1433416 1.680824e-08 

ND4 11449 0.006999651 0.1505179 -0.1435183 1.769149e-08 

ND4 11451 0.007105389 0.1509811 -0.1438757 1.959892e-08 

ND5 12778 0.014071638 0.1405928 -0.1265212 8.093384e-16 

ND5 12782 0.014141811 0.1406670 -0.1265252 9.265529e-16 

ND5 12786 0.014420942 0.1409669 -0.1265459 1.113356e-15 

ND5 12787 0.014492520 0.1410425 -0.1265500 1.207009e-15 

ND5 12788 0.014426220 0.1409669 -0.1265406 1.150319e-15 

ND5 12790 0.014337732 0.1410425 -0.1267048 1.085412e-15 

ND5 12857 0.015399096 0.1402585 -0.1248594 4.101372e-17 

ND5 12860 0.015259194 0.1401263 -0.1248671 5.937120e-17 
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Appendix 2. differentially methylated sites in MC and MD. This table displays the genes that 

exhibited differential methylation, the positions along the mitochondrial genome where that 

differential methylation was found, the mean methylation frequency for each differentially 

methylated site in the p107KO MC, the mean methylation frequency for each differentially 

methylated site in the p107WT MD, the difference in methylation levels for each site between the 

samples, and the p-value for differential methylation at each site. 

Gene Position p107KO 

Methylation 

p107WT 

Methylation 

Methylation 

Difference 

p-value 

tRNA-

Gln 

3820 0.005798762 0.1333377 -0.1275390 4.468921e-16 

tRNA-

Gln 

3821 0.005844863 0.1341565 -0.1283116 7.337090e-16 

tRNA-

Gln 

3824 0.005868052 0.1342235 -0.1283555 7.582039e-16 

tRNA-

Gln 

3825 0.005821489 0.1341565 -0.1283350 7.175426e-16 

tRNA-

Gln 

3830 0.005767379 0.1340232 -0.1282559 6.644621e-16 

tRNA-

Gln 

3832 0.005774447 0.1340232 -0.1282488 6.683320e-16 

tRNA-

Gln 

3833 0.005797048 0.1340897 -0.1282927 6.912954e-16 

tRNA-

Trp 

4920 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4921 0.006330863 0.1458576 -0.1395267 3.595070e-11 
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tRNA-

Trp 

4924 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4925 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4926 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4927 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4930 0.006330863 0.1458576 -0.1395267 4.398429e-11 

tRNA-

Trp 

4931 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4932 0.006330863 0.1458576 -0.1395267 3.595070e-11 

tRNA-

Trp 

4933 0.006289065 0.1457126 -0.1394235 3.525173e-11 

tRNA-

Trp 

4934 0.006247861 0.1455686 -0.1393207 3.344016e-11 

tRNA-

Trp 

4935 0.008316195 0.1472165 -0.1389004 2.156452e-11 

tRNA-

Trp 

4936 0.008261304 0.1419359 -0.1336746 2.553670e-11 
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tRNA-

Trp 

4939 0.008207178 0.1418142 -0.1336070 2.517220e-11 

tRNA-

Trp 

4946 0.008056001 0.1414533 -0.1333973 2.141060e-11 

tRNA-

Trp 

4947 0.008093698 0.1415729 -0.1334792 2.254446e-11 

tRNA-

Trp 

4950 0.008079427 0.1415729 -0.1334934 2.958331e-11 

tRNA-

Trp 

4953 0.008027784 0.1414533 -0.1334255 2.793614e-11 

tRNA-

Trp 

4958 0.008034088 0.1414533 -0.1334192 2.813870e-11 

tRNA-

Trp 

4959 0.007989724 0.1413345 -0.1333447 2.668016e-11 

tRNA-

Trp 

4965 0.007975246 0.1413345 -0.1333592 2.032033e-11 

tRNA-

Trp 

4968 0.007980883 0.1413345 -0.1333536 2.689977e-11 

COX1 6482 0.007150591 0.1360740 -0.1289234 8.081386e-16 

COX1 6484 0.007146378 0.1360740 -0.1289276 8.066096e-16 

COX1 6488 0.007182181 0.1361435 -0.1289613 8.462047e-16 
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COX1 6489 0.007218369 0.1362133 -0.1289950 8.877210e-16 

COX1 6493 0.007218369 0.1362133 -0.1289950 8.877210e-16 

COX1 6497 0.007218369 0.1362133 -0.1289950 8.892321e-16 

COX1 6498 0.007182181 0.1361435 -0.1289613 8.483425e-16 

COX1 6500 0.007177931 0.1361435 -0.1289656 8.461802e-16 

COX1 6501 0.007181853 0.1361435 -0.1289617 8.493636e-16 

COX1 6506 0.007149939 0.1360740 -0.1289241 8.134784e-16 

COX1 6509 0.007118325 0.1360047 -0.1288864 7.786202e-16 

COX1 6511 0.007118325 0.1360047 -0.1288864 7.786202e-16 

COX1 6513 0.007153829 0.1358819 -0.1287281 2.466741e-15 

mtATP6 8379 0.005653940 0.1400831 -0.1344291 6.923565e-11 

mtATP6 8382 0.005629985 0.1399597 -0.1343298 6.569866e-11 

mtATP6 8383 0.005653942 0.1400831 -0.1344291 6.911570e-11 

mtATP6 8387 0.005638970 0.1400831 -0.1344441 7.428657e-11 

mtATP6 8388 0.005638970 0.1400831 -0.1344441 7.428657e-11 
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mtATP6 8389 0.005638970 0.1400831 -0.1344441 6.859400e-11 

mtATP6 8394 0.005620848 0.1399597 -0.1343389 7.066411e-11 

mtATP6 8395 0.005620848 0.1399597 -0.1343389 6.524415e-11 

mtATP6 8397 0.005608093 0.1399597 -0.1343517 7.015396e-11 

mtATP6 8399 0.005611050 0.1399597 -0.1343487 6.474815e-11 

mtATP6 8402 0.005574851 0.1398372 -0.1342624 6.615320e-11 

mtATP6 8403 0.005574851 0.1398372 -0.1342624 6.113897e-11 

mtATP6 8407 0.005554501 0.1397155 -0.1341610 5.806018e-11 

mtATP6 8409 0.005554501 0.1397155 -0.1341610 6.282056e-11 

mtATP6 8410 0.005554501 0.1397155 -0.1341610 5.806018e-11 

mtATP6 8414 0.005562549 0.1397155 -0.1341529 5.818341e-11 

mtATP6 8419 0.004932973 0.1399597 -0.1350268 5.016824e-11 

mtATP6 8421 0.004956280 0.1400831 -0.1351268 5.668724e-11 

mtATP6 8422 0.004956280 0.1400831 -0.1351268 5.278194e-11 

mtATP6 8424 0.004956280 0.1400831 -0.1351268 5.668724e-11 
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mtATP6 8425 0.004956280 0.1400831 -0.1351268 5.668724e-11 

mtATP6 8427 0.004979830 0.1402072 -0.1352274 5.552695e-11 

mtATP6 8429 0.005027675 0.1404578 -0.1354302 6.144471e-11 

mtATP6 8439 0.005060102 0.1404578 -0.1353977 6.179268e-11 

mtATP6 8441 0.005065827 0.1404578 -0.1353920 6.180030e-11 

mtATP6 8442 0.005090521 0.1405844 -0.1354939 6.499151e-11 

mtATP6 8449 0.005026103 0.1403321 -0.1353060 6.217931e-11 

mtATP6 8451 0.005026103 0.1403321 -0.1353060 6.217931e-11 

mtATP6 8452 0.005026103 0.1403321 -0.1353060 6.217931e-11 

mtATP6 8454 0.005050372 0.1404578 -0.1354075 6.535410e-11 

mtATP6 8455 0.005050372 0.1404578 -0.1354075 6.074286e-11 

mtATP6 8458 0.005067773 0.1405844 -0.1355166 6.338879e-11 

mtATP6 8460 0.005092489 0.1407118 -0.1356193 6.660124e-11 

mtATP6 8463 0.005079252 0.1405844 -0.1355051 6.806395e-11 

mtATP6 8479 0.005146862 0.1408400 -0.1356931 7.489813e-11 
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mtATP6 8480 0.005172417 0.1409691 -0.1357966 7.297401e-11 

mtATP6 8481 0.005172417 0.1409691 -0.1357966 7.297401e-11 

mtATP6 8482 0.005172417 0.1409691 -0.1357966 7.297401e-11 

mtATP6 8484 0.005203409 0.1410990 -0.1358956 7.679581e-11 

mtATP6 8485 0.005203409 0.1410990 -0.1358956 7.679581e-11 

mtATP6 8488 0.005144232 0.1407118 -0.1355675 6.595002e-11 

mtATP6 8490 0.005200693 0.1409691 -0.1357684 7.866417e-11 

mtATP6 8491 0.005193210 0.1409691 -0.1357758 7.228323e-11 

mtATP6 8494 0.005121166 0.1405844 -0.1354632 6.170016e-11 

mtATP6 8495 0.005146431 0.1407118 -0.1355653 6.478509e-11 

mtATP6 8500 0.005158276 0.1407118 -0.1355535 6.452766e-11 

ND4 11420 0.010935655 0.1536263 -0.1426907 2.911941e-10 

ND5 12778 0.008734766 0.1405928 -0.1318580 6.298434e-17 

ND5 12782 0.008758536 0.1406670 -0.1319085 7.082660e-17 

ND5 12786 0.008904174 0.1409669 -0.1320627 8.332824e-17 
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ND5 12787 0.008941389 0.1410425 -0.1321011 8.676882e-17 

ND5 12788 0.008891854 0.1409669 -0.1320750 8.257566e-17 

ND5 12790 0.008928963 0.1410425 -0.1321136 8.596752e-17 

ND5 12857 0.011937868 0.1402585 -0.1283206 1.156172e-17 

ND5 12860 0.011833290 0.1401263 -0.1282930 1.427328e-17 

ND5 12867 0.011786964 0.1374022 -0.1256153 1.614752e-17 

ND5 12880 0.011647302 0.1367767 -0.1251294 3.921386e-17 

ND5 12882 0.011641931 0.1367767 -0.1251347 3.911783e-17 

ND5 12884 0.011514884 0.1366567 -0.1251418 3.469131e-17 

ND5 12885 0.011559166 0.1367166 -0.1251574 3.627198e-17 

ND5 12890 0.012071573 0.1366567 -0.1245852 5.106800e-17 

ND5 12891 0.012020075 0.1365971 -0.1245770 4.865336e-17 

ND5 12895 0.012014633 0.1365971 -0.1245824 4.849366e-17 

ND5 12896 0.011963635 0.1365376 -0.1245740 4.620136e-17 

ND5 12900 0.012101420 0.1367166 -0.1246152 5.279130e-17 
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ND5 12902 0.012101420 0.1367166 -0.1246152 5.279130e-17 

ND5 12903 0.012148086 0.1367767 -0.1246286 5.518495e-17 

ND5 12904 0.012148086 0.1367767 -0.1246286 5.518495e-17 

ND5 12907 0.012142529 0.1367767 -0.1246341 5.495405e-17 

ND5 12910 0.012084893 0.1367166 -0.1246317 5.206146e-17 

ND5 12912 0.012079400 0.1367166 -0.1246372 5.179713e-17 

ND5 12917 0.012048918 0.1367166 -0.1246677 5.034022e-17 

ND5 12919 0.012043458 0.1367166 -0.1246731 5.007387e-17 

ND5 12920 0.012043458 0.1367166 -0.1246731 5.007387e-17 

ND5 12929 0.012018565 0.1367166 -0.1246980 4.880947e-17 

ND5 12932 0.011916927 0.1365971 -0.1246801 4.425009e-17 

ND5 12933 0.011916927 0.1365971 -0.1246801 4.425009e-17 

 

 


